The left ventricular (LV) 
Introduction
The left ventricular (LV) function is typically assessed by parameters such as volume, myocardial thickness, and the qualitative evaluation of the cardiac wall deformation. The analysis of LV deformation can give insight into the mechanics of the normal and diseased left ventricle, and the LV function. Such analysis are based on parameters such as strain, myocardial thickening and rotation, which may not be appropriate to describe the complex myocardial deformation which characterize the LV function.
There are several techniques [1, 2] for the analysis of the deformation of LV shape. The finite element model (FEM) has been a widely applied technique [3] for the modelling and analysis of cardiac deformation. Such techniques may however require constitutive modelling which describes the myocardial deformation.
The different parameters of the LV deformation can be used as features for the evaluation of the LV function. Several research techniques have been used in the computational analysis of normal or diseased LV based on the parameters of the LV deformation. It is however difficult to characterize the differences in the myocardial deformation parameters between the normal and diseased LV dataset because of the complexity of the LV deformation. In this article, a statistical technique which can characterize the variation of the deformation of the LV vertices is used for the analysis of the LV deformation.
The statistical shape models [5, 6] have been used to describe the cardiac shape variation. The construction of the shape models are based on the alignment of the cardiac data. The principal component analysis (PCA) technique, a widely used tool for data compression and the extraction of data features, has been used for the modelling of anatomical shapes. Such techniques can be used in the analysis of the shape parameters associated with cardiac disease. The statistical shape model had been incorporated into segmentation techniques [7, 8] to constraint the shape variation of the LV geometry. There are however few techniques which are on the statistical analysis of the LV deformation from cardiac MRI dataset. This is because of the complexity in the computation of the vertex correspondence between the LV dataset.
In this article, the PCA technique is used in the analysis of the LV deformation. The LV deformation can therefore be characterized efficiently by a parametric model that describes the LV deformation variation.
Methodology
In this section, the LV deformation analysis technique is described, which consists of the segmentation of the LV geometry and the computation of vertex correspondences between the different geometries. In particular, the template alignment technique in Su et al. [9] is used in the computation of the vertex correspondences. The statistical analysis of the LV deformation.
Segmentation of the LV geometries
The LV geometries for the analysis of the systolic deformation are reconstructed from the LV endocardial boundaries delineated from the cardiac magnetic resonance imaging (MRI) datasets. There are several techniques for the segmentation of LV geometries from biomedical dataset [10, 11] . It is however difficult for such techniques to segment the LV endocardial boundaries because of the intensity inhomogeneity and noise in the cardiac MRI dataset.
In this article, the LV endocardial boundaries were manually segmented from contiguous MRI slices across the cardiac cycle. The geometries are then reconstructed from the segmented slices for the different frames. Fig. 1 depicts the segmentation of the LV geometry from the MRI dataset. Figure 1 . The reconstruction of the LV geometry from the MRI dataset, (a) the basal, mid and apical slices, and (b) the extracted LV boundaries and the reconstructed LV geometry.
Statistical LV deformation analysis
In this section, the systolic LV deformation is defined as the difference of the LV geometric vertices between the end-diastolic and systolic, i.e. ED and ES frames. Therefore, vertex correspondences of the LV geometries between different frames have to be computed in order to perform the LV deformation analysis. To do so, a template alignment technique is used, in which a template mesh with fixed number of vertices and of fixed topology is aligned to the reconstructed geometry of the LV endocardial surface. The radial-basis-function based coarse matching process is used to transform the template mesh to an approximate shape of the LV endocardial surface. Next, a fine matching process based on an optimization technique adapts the position of the template mesh vertices so that they conform closely to the actual geometry. As the optimization function is based on a strain energy function, the outcome exhibits superior mesh quality with plausible LV deformation. Since the same template mesh is used in the alignment of the different frames, the vertex correspondence between the LV frames is established across the LV dataset, hence facilitating statistical analysis.
There can be considerable geometric deformation of the LV from ED to ES. In particular, the systolic LV deformation can consist of radial and torsional components. As such, the complex LV geometries are described by the cylindrical coordinate system defined locally at the mean vertex positions of the different LV regions, i.e., the basal, mid and apical regions. Fig. 2 depicts the systolic deformation of a normal LV geometry. It is shown that there is a significant difference between the geometries of the LV at the ED and ES frames. The geometries of the LV regions at the ED and ES frames of the different samples are aligned to minimize the differences caused by the rigid transformation, i.e., translation and rotation. 
ED ES
This allows the geometric vertices of the LV to be defined as v = (r, , z). The LV deformation can therefore be described by the radial, circumferential and longitudinal components. The deformation vector of the vertices between the frames can then be computed as x x = v v v (1) The PCA technique can therefore be applied to compute the LV deformation variation.
Consider a set of n shapes, and each shape consists of m vertices. The deformation vectors computed at the vertices of each of the shape can therefore be denoted by {x ; i = 1 … }. The vectors can be approximated by a linear model,
x is the mean deformation vector, b
is the weight vector of the model, and is composed of the eigenvectors, computed by performing a PCA on the covariance matrix = (x x x )(x x x ) (3) The vector b denotes the deformation parameters, and can be varied to approximate the different LV deformation in the training set. The deformation vector can therefore be used to synthesize the systolic deformation of a LV shape.
The complex LV deformation can therefore be described as a linear combination of the modes of deformation. This allows the LV deformation to be characterized by a parametric model that describes the variation of the deformation of the LV vertices of the different dataset. The deformation parameters can be used in the categorization of the normal and diseased LV. In particular, a linear support vector machine (SVM) is trained using the PCA transformed data for the categorization of the normal and diseased LV dataset. The k-fold cross-validation is used to compute the accuracy of the SVM model in the categorization of the LV dataset.
Results and Discussion
This section describes the experiment and analysis of the LV deformation based on the statistical technique. In particular, 43 cardiac MRI datasets, consisting of 8 normal and 35 diseased LV, were used in the experiment.
Significant statistical differences were observed between the normal and diseased LV deformations. It is shown that 87% of the variation in the LV deformation can be described by the five most significant modes of variation, i.e. the modes of variation which show the largest variance in the data. Figure 3 depicts the plot of the weight vector of the three most significant modes of deformation for the 43 datasets. It is shown that the weight vectors for the normal and diseased LV tend to cluster differently.
The statistical model can therefore efficiently characterize the variation of the systolic deformation of the LV geometries. Fig. 4 depicts a sample that exhibits the most significant mode of variation of LV deformation. As shown in the figure, the mean LV deformation, and deformation vectors which are 3 from the mean are applied on the LV geometry at the ED frame to simulate the LV geometry at the ES frame. There is a significant difference between the simulated LV geometries at the ES frame. This is caused by the differences in the normal and diseased LV deformations.
The PCA transformed data were used as features for training a linear SVM to categorize the normal and diseased LV. The SVM analysis on the LV datasets yielded a classification accuracy of 92.5%. The SVM model could accurately distinguish the normal LV from the diseased LV with normal EF. This shows that a robust method can be derived from the statistical model of LV deformation to assess the LV function. Such a technique can be used in the analysis of the LV deformation variation in the different cardiac dataset.
Conclusions
This article described a LV systolic function analysis technique based on statistical representation of LV deformation. The technique consists of the segmentation of the LV geometry, the computation of vertex correspondences between the different geometries, and the statistical analysis of the LV deformation. The PCA technique was applied in the analysis of the modes of variation of the LV deformation. The complex LV deformation can therefore be described as a linear combination of these modes of deformation. This allows the construction of a parametric model to describe the complex LV deformation variation. The statistical model can be used to simulate the deformation of the LV geometry. This shows that the statistical model can efficiently characterized the systolic deformation of a wide variation of the LV dataset.
